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Abstract Cognitive Radio (CR) is a promised solution to the lack of spectrum, as well as spectrum
inefficiency, in current communication networks. A major demand of this technology is for fair spectrum
assignment to unlicensed (secondary) users. This paper addresses a new approach to this challenge in
CR networks, based on the Graph Coloring Problem (GCP) and the Ant Colony System (ACS). In addition,
we compare the performance of the proposed algorithm with Color Sensitive Graph Coloring (CSGC) and
Particle Swarm Optimization (PSO) based techniques.
© 2012 Sharif University of Technology. Production and hosting by Elsevier B.V.
Open access under CC BY-NC-ND license.1. Introduction
Cognitive Radio (CR) is a new promising communication
paradigm for fully utilizing scarce spectrum resources oppor-
tunistically [1,2]. This technology enables employing the spec-
trum in an opportunistic manner. Generally, this technology
consists of four stages: spectrum sensing, spectrum manage-
ment, spectrum sharing, and spectrum mobility [3]. Spectrum
sensing detects unused spectrums and shares them, while
avoiding harmful interference with other users. At the second
stage, the best available spectrum, which meets user commu-
nication requirements, is captured. At the spectrum mobility
stage, in order to have a better spectrum, seamless communica-
tion requirements during transition aremaintained. Finally, the
last step provides a fair spectrum schedulingmethod among co-
existing users [3].
The spectrum assignment functionality of CR deals with
how secondary users can opportunistically utilize unused
licensed spectrum on a non-interfering and leasing basis
at any location over the entire spectrum [4]. Optimizing
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Secondary Users (SUs) is the primary goal of CR networks. A
good allocation scheme also needs to provide fairness across
devices [5]. Approaches, such as game theory [6], pricing
and auction mechanisms [7,8], and local bargaining [9] have
been developed for spectrum assignment in CR. In [10], based
on the probabilities of channel availability, a technique is
introduced to optimize channel and power allocation in a
multi-channel environment. In [11,12], the spectrum allocation
problem is mapped to a NP-hard Graph Coloring Problem
(GCP), and a Color Sensitive Graph Coloring (CSGC) mechanism
is proposed to solve it. An improved graph coloring theory
based model is presented in [13], which has similar spectrum
utilization to CSGC, but with less simulation time. Graph
coloring and bidding theory methods are used in a novel
distributed collusion mechanism in [14] for channel allocation
in the spectrum pool. Simulation results report the better, but
not obvious, performance of the system versus the random
approach.
Bio-inspired algorithms have received considerable atten-
tion for solving NP-hard problems in the literature due to their
low computational complexities, as well as easy implemen-
tation characteristics [5,15,16]. These algorithms have proved
particularly effective in solving frequency assignment prob-
lems, such as in Global Systems for Mobile (GSM) communi-
cation networks [17]. The Genetic Algorithm (GA), Quantum
Genetic Algorithm (QGA) and Particle Swarm Optimization
(PSO), are investigated in [5] for spectrum assignment in CR
networks. The authors of [5] have claimed that the PSO algo-
rithm can find the optimal solution in all experiments under
evier B.V. Open access under CC BY-NC-ND license.
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formance of this algorithm, versus different numbers of primary
user (PU), SUs and available channels, is notwell investigated. In
addition, there is a lack of study regarding use of the Ant Colony
System (ACS) as a prevailing tool for solving Spectrum Assign-
ment Problems (SAP).
This paper introduces an enhanced ACS technique in
comparison with [18] based on GCP for SAP in CR. Performance
of this method versus the proposed PSO algorithm in [5] is
investigated for various numbers of SU and PU, as well as
available channels.
The next section reviews principals of ACS. The spectrum
allocation model is proposed in Section 3 and corresponding
simulations are discussed in Section 4. Finally, the paper is
concluded in Section 5.
2. Ant colony system
Ant Colony Optimization (ACO) is a class of algorithmwhose
first member, called the Ant System (AS), was initially proposed
by Dorigo et al. [19]. Although real ants are blind, they are
capable of finding the shortest path from a food source to
their nest by exploiting the information of a liquid substance,
called pheromone, which they release on the transit route. The
developed AS strategy attempts to simulate the behavior of
real ants with the addition of several artificial characteristics
(visibility, memory and discrete time) to resolvemany complex
problems successfully, such as the Traveling Salesman Problem
(TSP) [19] and transportation networks [20]. Even thoughmany
changes have been applied to ACO algorithms during past
years, their fundamental ant behavioral mechanism, which is
a positive feedback process demonstrated by a colony of ants,
is still the same. The ant algorithm has plenty of applications
in different areas of wireless communication, such as routing
and resourcemanagement [21,22], cell planning, user detection
[23,24] and spectrum assignment [15,17]. Different steps of a
simple ACS algorithm are as follows [20]:
Problem graph depiction: Artificial ants move between
discrete states in discrete environments. Since the problems
solved by ACS algorithms are often discrete, they can be
represented by a graph, with N nodes and R routes.
Ants distribution initializing: A number of ants are placed on
the origin nodes. The number of ants is defined by trial and error
and the number of nodes in the region.
Ants probability distribution rule: The ants probabilistic
transition between nodes can also be specified as a node
transition rule. The transition probability of ant k, from node
i to node j, is given by:
pkij =


τij
α 
ηij
β
h∉tabuk
(τih)
α (ηih)
β
j ∉ tabuk
0 otherwise
(1)
where τij and ηij are the pheromone intensity and the heuristic
visibility (cost) of the direct route between nodes i and j,
respectively. The relative importance of τij and ηij are controlled
by parameters, α and β , respectively. The tabuk is a set of
unavailable routes for ant k.
Update global trail:When every ant has assembled a solution
at the end of each cycle, the intensity of the pheromone is
updated by a pheromone trail updating rule. This rule for the
ACS algorithm is given as:
τ newij = (1− ρ) τ oldij +
m
k=1
1τ kij , (2)where 0 < ρ < 1 is a constant parameter named pheromone
evaporation. The amount of pheromone laid on the route
between nodes i and j by ant k is:
1τ kij =

Q
fk
if route (i, j) is traversed by the kth ant
(at the current cycle)
0 otherwise
(3)
where Q is a constant parameter and fk is the cost value of the
found solution by ant k.
Stopping procedure: This procedure is completed by arriving
to a predefined number of cycles, or the maximum number of
cycles between two improvements of the global best solutions.
3. Spectrum assignment algorithm
3.1. Spectrum assignment problem definition
A simple SAP scenario is presented in part (a) of Figure 1.
In this topology, three Pus, with an occupied channel for each
PU, are illustrated by considering the fact that each PU cannot
use the channel taken by the other PU. This is while five
SUs, which are equipped with Orthogonal Frequency Division
Multiple Access (OFDMA) technology, are waiting for channel
assignment within the coverage area of the PUs. Each PU x,
inhabits a channel,m, with a radius of protection area, dpx,m. The
radius of the coverage area for SU n, on channelm, is defined by
dsn,m. This radius is adjustable by tuning the transmit power on
channelm, and is defined as:
dsn,m = min(dmax,min(Distx,n − dpx,m)), (4)
where Distx,n is the distance between PU x and SU n. As a
general rule, the interference range is bounded by theminimum
and maximum transmit power, which is [dmin, dmax], [12].
Increasing the dsn,m also increases the probability of interfering
with a neighboring user. For simplicity, SUs are assumed with
a fixed power control scheme to adjust their transmit power
to the maximum permissible level, in order to avoid interfering
with PUs. In addition, the transmission and interference ranges
are assumed identical. Any radiation from each PU or SU into
the coverage area of another user on channel m would cause
interference, [12].
By considering the above network topology descriptions, the
problem is how to allocate available channels to SUs to avoid
interference, as well as to optimize certain network utilities.
At the first stage of the procedure proposed in [12], network
information, such as the number of SUs, N , number of Pus,
X , and number of channels, M , is gathered. Then, the binary
channel availability matrix of users, LN×M , is determined where
if ln,m = 1, channel m is available for SU n, and otherwise,
this user has no available channel. Subsequently, interferences
between different SUs on each channel are gathered in the
binary interference matrix, CN×N×M . If cn,k,m = 1, SUs n and
k interfere on channel m, simultaneously. Maximum acquired
throughput by the SU n using channel m is considered as a
reward in B = {bn,m}N×M , which represents the maximum
bandwidth or throughput that can be acquired (assuming no
interference from neighbors) by user n using channel m. The
reward can be the capacity of using a channel (assuming the
Signal to Noise Ratio (SNR) is a function of dsn,m) defined as:
Bn,m = log(1+ f (dsn,m)), dmin ≤ dsn,m ≤ dmax. (5)
In this paper, the reward is considered as the coverage of SU
n, using channelm, as:
Bn,m =

dsn,m
2 dmin ≤ dsn,m ≤ dmax
0 Ln,m = 0.
(6)
F. Koroupi et al. / Scientia Iranica, Transactions D: Computer Science & Engineering and Electrical Engineering 19 (2012) 767–773 769Figure 1: Spatial spectrum opportunity sharing among Secondary Users (SUs) as in (a) and formulating it as a Graph Coloring Problem (GCP) in (b). Available
spectrums for each SU are shown next to the corresponding SU, and the channels with interference are shown on each edge between SUs in (b).3.2. Modeling SAP as a GCP
In [12], it is shown that the spectrum allocation problem is
equivalent to a GCP. In this model, SUs form nodes in a graph,
and an edge between two nodes indicates two interfering users.
Treating each channel as a color, we arrive at a GCP, as in
part (b) of Figure 1. In this problem, each vertex is colored,
using a number of colors from its available color list, under
the constraint that two vertices linked by an edge cannot share
the same color. The objective is to obtain a color assignment
that maximizes a given utility function. Obtaining the optimal
coloring is known to be NP-hard [2,3].
By having the above model specifications, the spectrum
allocation problem is mapped into a GCP defined by G =
(V , L, C), where V is a set of nodes denoting the SUs, L is
a list of available channels, and C is the interference matrix
between SUs. Finally, the binary matrix, AN×M , represents the
channel assignment matrix. If channel m is assigned to SU n,
and otherwise, SU n is called a starved user. By considering R =
rn =Mm=1 an,m.bn,mN×1 as the reward vector that each SU
obtains for a given channelm, the spectrum allocation problem
is defined as the optimization problem:
A∗ = argmaxUi(R),
A∈ΛL,C
i∈{MSR,MMR,MPF}
(7)
where ΛL,C is a set of conflict free channel assignments for
a given L and C . Ui(R) is the network utilization, where with
respect to [5,12] three functions, Max-Sum-Reward (MSR),
Max-Min-Reward (MMR) and Max-Proportional-Fair (MPF),
are considered. The MSR function maximizes total spectrum
utilization in the system, regardless of fairness as:
UMSR(R) =
N
n=1
rn. (8)
The MMR function maximizes spectrum utilization, regard-
ing the user with the least allotted spectrum, as:
UMMR(R) = min(rn).
1≤n≤N
(9)
This function gives the user with the lowest reward, the
largest possible share, while not wasting any network re-
sources. The MPF function addresses fairness for single-hop
flows as:
UMPF(R) =

N
n=1
(rn + 10−6)
 1
N
. (10)Figure 2: Proposed ACS–SAA in pseudocode.
Interested readers are encouraged to refer to [12] for more
details.
3.3. ACS approach to GCP model
The achieved GCP is resolved by using the proposed ACS
Spectrum Assignment Algorithm (ACS–SAA) in Figure 2. This
algorithm proceeds as follows:
GCP mapping: This provides initial information, as described
in the previous subsection, and maps the SAP to a GCP by
considering each node of a GCP as a SU, as well as each
interference between two SUs on a channel as a separate route
(edge) (Figure 1).
CH probability: Each ant can visit each node once. In each
iteration, an active ant is placed on each SU containing the
available channel and interference with other SUs. As depicted
in Figure 1, the ant has some candidate routes and has to select
one to continue its journey. The selection probability of each
possible route i is:
Pχi
∀i∈Γ ′1×I
=

0
M
j=1
L′n′,j = 0
Tαn′,m,ξ∆
−β
i
I
i=1

Tαn′,m,ξ∆
−β
i
 otherwise (11)
where for I number of potential routes, Γ ′1×I represents the
list of possible routes, and L′n′,j is the binary list of available
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the relative importance of Tn′,m,ξ and ∆i, respectively. Tn′,m,ξ is
the pheromone amount of the SU n′ using channelm in iteration
ξ , and ∆i is the cost of the candidate route for ant χ , which is
defined as:
∆i
∀i∈Γ ′1×I
=

M
j=1
L′n′,j
M

δ 
N
k=1
Cn′,k,m
N

ϕ 
dsn′,m
dmax
γ
, (12)
where δ, ϕ and γ control the relative importance of chan-
nel availability, interference and propagation radius factors, re-
spectively.
CH selection: The random parameter, g , with uniform
probability in 0 < g < 1, is compared with parameter G, with
uniform probability in 0 < G < 1. The result picks up one of the
following two selection methods:
i′ =

argmax

Pχi

g > G
Roulette Wheel

Pχi

otherwise
(13)
where i′ is the selected route (channelm′ and next SU n′) for the
active ant.
Local pheromone updating: The pheromone amount of
selected channelm′ for the SU n′ is updated by:
T newn′,m′,ξ = T oldn′,m′,ξ + (Bn′,m′)
M×

M
j=1
Ln′,j
−1
. (14)
Update ant activation: If the SU n′ has no interference, the
current ant, χ , has no possible route to continue and, therefore,
is blocked. Its activation list,ΩX×N×Ξ , is updated as:
Ωχ,n,ξ =
0
N
j=1
Cn′,j,m′ = 0
1 otherwise
(15)
where Ωχ,n,ξ = 0 indicates that ant χ is blocked in node n′.
In this case, the termination condition is met for this ant as in
Figure 2.
Global pheromone updating: The last traditional step of each
completed iteration, ξ , is global pheromone updating as:
T newn,m,ξ = ρT oldn,m,ξ
n=1,...,N
m=1,...,M
(16)
where the parameter 0 < ρ < 1 is the evaporation coeffi-
cient [19].
Result: In the last phase of the algorithm, after a run of Ξ
number of iterations, as in Figure 2, a channel,ωn, is assigned to
each SU n, based on the corresponding pheromone amount of
each SU by:
ωn = argmax

1
Ξ
Ξ
ξ=1
Tn×m×ξ

. (17)
In some cases where:
1
Ξ
M
m=1
Ξ
ξ=1
Tn×m×ξ = Max

1
Ξ
Ξ
ξ=1
Tn×m×ξ

, (18)
no channel is assigned to the SU n, and it is called a starved
user.Figure 3: A10× 10 area with randomly placed primary and secondary users.
Table 1: Primary and secondary users with correspondent spectrums (SPs).
PU 1 2 3 4 5 6 7 8 9 10
SP 4 2 7 7 2 8 8 3 10 9
PU 11 12 13 14 15 16 17 18 19 20
SP 6 5 1 3 1 10 9 4 6 5
SU 1 2 3 4 5 6 7 8 9 10
SP 10 5 3 8 2 7 4 1 0 7
4. Simulations and discussions
In this section, a sample SAP is solved by the proposed
algorithm. Then, some simulations and discussions on the
performance of algorithms in [5] versus our proposed algorithm
for a different number of generations (iterations) and utilization
functions (8)–(10) are conducted.
A desktop computer with Intel Core2Quad T9300 2.5 GHz
CPU and 3 GB of RAM is employed for simulations in
the MATLAB 2009b environment. Different values of the
parameters are evaluated, based on trial and error, to have
the best performance of the algorithm. To satisfy simulation
conditions in [5], the parameters of evolutionary algorithms
are chosen, such that the total times of fitness evaluation is
the same as in the algorithms. Throughout the simulations,
the following parameters are considered: Cmax = 10, dmax =
4, dmin = 1, δ = 2, ϕ = 2, γ = 2 and dp = 2. By giving
the location and channel selection of PUs, each SU n adjusts its
transmit power and, hence, interference range, dsn,m, on each
channel,m, to avoid interference with PUs. During simulations,
15 ants are employed and the ACS parameters are considered
as ρ = 0.9,G = 0.9, α = 2 and β = 2.
4.1. Spectrum assigning of a sample topology
By considering a 10 × 10 region, consisting of 20 and 10
randomly placed PUs and SUs, respectively, as in Figure 3,
the proposed spectrum assignment algorithm is employed
to allocate 10 available channels to the candidate SUs. The
proposed ACS–SAA is run in 30 iterations.
The PUs with their correspondent spectrums are presented
in Table 1. The spectrums are randomly assigned, by considering
the avoidance of interference between PUs on the same
channel, with uniform distribution in the range of [1, 10], to
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Iterations
(generation)
Algorithm Average reward (N = 5;M = 5) Average reward (N = 20;M = 20)
MSR MMR MPF MSR MMR MPF
10 PSO–SAA 151.0952 27.8634 64.8348 1204.7035 8.3244 13.7659ACS–SAA 158.9406 30.1875 67.2993 1206.8396 9.3964 43.6243
50 PSO–SAA 151.0952 27.8634 67.8842 1238.1758 28.0520 82.4346ACS–SAA 162.8365 30.9360 71.7630 1241.7378 42.7491 98.8839
300 PSO–SAA 151.0952 27.8634 67.9928 1240.1890 50.9594 120.5298ACS–SAA 162.8365 30.9360 71.7630 1241.7826 65.9205 137.3048
CSGC 138.3981 21.1016 56.0257 1206.0437 2.7769 60.1252Figure 4: Spectrum assignment with varying numbers of primary user versus three utilization functions: (a) MSR, (b) MMR, and (c) MPF.these users. Assigned channels to the SUs are presented in the
last row of Table 1.
With respect to the location of users and assigned channels,
the users located on the broadcast range of each other are
not assigned the same channel. Therefore, by considering the
interferences between users, as well as their corresponding
channel availabilities, no channel has been assigned to SU 9.
4.2. Performance analysis
In [5], the GA, QGA and PSO evolutionary algorithms are
studied for spectrum assignment in CR networks. It is reported
that the PSO Spectrum Assignment Algorithm (PSO–SAA)
performs better than the QGA Spectrum Assignment Algorithm
(QGA–SAA) and GA SpectrumAssignment Algorithm (GA–SAA).
However, the impact of varying numbers of SU, PU, and
channels in the performance of the PSO–SAA is notwell studied.
Here, we compare the performance of the ACS–SAA with
the PSO–SAA in [5] and the CSGC approach in [12] for the
mentioned variables versus theMSR, MMR, andMPF utilization
functions. Then, the convergence time of the studied algorithms
is evaluated.
4.2.1. ACS–SAA vs. PSO–SAA
It is claimed in [5] that GA–SAA performs the worst
compared toQGA–SAA and PSO–SAA, and all three evolutionary
algorithms perform far better than the proposed CSGC method
in [12]. As illustrated in Table 2, for the average reward of
algorithms, over 50 experiments for two separate network
topology properties (N = 5;M = 5 and N = 20;M = 20)
and three iteration numbers (10, 50, 300) under theMSR, MMR,
and MPF utilization functions, are compared. Based on the
reports in [5], PSO–SAA performs better than the QGA–SAA
and GA–SAA under objectives MSR and MPF. On the other
hand, QGA–SAA performs better than PSO–SAA and GA–SAA
under objective MMR. In addition, GA–SAA performs betterthan QGA–SAA and PSO–SAA in the early stages under objective
MPF for the second topology. This is while the average reward
of ACS–SAA is superior to all mentioned algorithms, especially
the PSO–SAA, in different numbers of iteration and under all
objective functions. This fact can validate the effectiveness of
the proposed algorithm versus the presentedmethods in [5,12].
4.2.2. Impact of the number of primary users, secondary users and
channels
The configuration of PUs determines channel availability,
reward, and interference constraints, as seen by SUs. Increasing
the number of PUs or increasing the protection range, dp,
not only can expand the primary protection area but also
force affected SUs to reduce their power and, thus, ds. This
results in a reduction in available channels, as well as channel
rewards, at SUs, and, therefore, degrades spectrum utilization.
In addition, the interference among SUsdecreases and improves
the possibility of spectrum reuse by multiple SUs [12]. As in
Figure 4, for N = 10 and M = 10, increasing the number of
PUs would degrade all three utilities. To compare the studied
algorithms, the CSGC algorithm performs poorly in terms of
all three utilities. This is while the ACS–SAA performs much
better than PSO–SAA and CSGC algorithm under MSR andMMR
objectives. However, under theMPF objective, the PSO–SAA and
ACS–SAA approaches perform in almost a similar manner.
In a simple CR network topology, by increasing the number
of SUs or in other words user density, more interference
constraints are created. Therefore, as Figure 5 demonstrates for
X = 20 and M = 10, all three utilities degrade as the number
of SUs increases. The algorithms’ behavior for varying numbers
of SU is almost similar to the PUs, except that the difference
between the performance of the PSO–SAA and ACS–SAA is less.
However, these algorithms perform far better than CSGC,which
further validates the performance of these natural inspired-
based spectrum allocation methods.
772 F. Koroupi et al. / Scientia Iranica, Transactions D: Computer Science & Engineering and Electrical Engineering 19 (2012) 767–773Figure 5: Spectrum assignment with varying numbers of secondary user versus three utilization functions: (a) MSR, (b) MMR, and (c) MPF.Figure 6: Spectrum assignment with varying numbers of channels versus three utilization functions: (a) MSR, (b) MMR and (c) MPF.Figure 6 quantifies the performance of different algorithms
as the number of channels changes for N = 10 and X = 20.
Despite the algorithms’ reaction versus varying numbers of PUs
and SUs, by increasing the number of channels, all three utilities
increase.
As Figures 4–6 demonstrate, the plots of PSO–SAA and
ACS–SAA are less smooth than the CSGC algorithm,which is due
to the heuristic behaviour of such algorithms.
4.2.3. Convergence time analysis
In order to investigate the convergence time of the studied
algorithms, some experiments for five numbers of PU and five
numbers of SU are performed. Results show that the average
computation time of PSO–SAA, ACS–SAA (for 10 iterations) and
CSGC is 0.040 s (s), 0.0847 s and 0.007 s, respectively. Although
the ACS–SAA performs better than PSO–SAA, its running time
is almost twice that of PSO–SAA. The computation time of the
evolutionary algorithms is larger than the CSGC, however, it is
obvious that the evolutionary algorithms are fairly easy for real-
time implementation [12].
Since, in real scenarios, users aremostlymobile and network
topology varies by time,weneed a systemcapable of supporting
such dynamic networks. The proposed ACS–SAA, due to its low
computational complexities, aswell as its superior performance
versus other studied systems in the literature, can be an
adequate low cost solution.
5. Conclusion and further works
Since, in real Cognitive Radio (CR) network scenarios, users
are mostly mobile, and network topology varies by time, there
is lack of a fast, low cost system in the reviewed literature. Inthis paper, an Ant Colony System (ACS) technique, based on
the Graph Coloring Problem (GCP) for spectrum allocation in
CR networks, is proposed. Performance of this method versus
the Proposed Particle Swarm optimization (PSO) approach
is investigated for various numbers of Secondary User (SU)
and Primary User (PU), as well as available channels. The
simulations show that the proposed algorithm performs much
better than the other studied algorithms,s albeit with a little
more running time.
To increase the cost evaluation flexibility of candidate
channels, we have assigned importance rate parameters to
control the impact rate of each parameter in channel selection
probability. These parameters can also be assigned dynamically,
based on the topology characteristics of the networks.
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